Abstract
Introduction

73
The assessment of biodiversity for a conservation purpose is difficult to un-74 dertake via field survey (Palmer , 1995) . Species richness is the simplest, 75 most intuitive and most frequently used measure for characterizing the di-76 versity of an assemblage (Chiarucci et al., 2012; Chao et al., 2016) . In nearly 77 all biodiversity studies, however, the compilation of complete species census 78 and inventories often requires extraordinary efforts and is an almost unattain-79 able goal in practical applications. There are undiscovered species in almost 80 every taxonomic survey or species inventory (Palmer , 1995) . Consequently, 81 a simple count of species (observed richness) in a sample underestimates the 82 true species richness (observed plus undetected), with the magnitude of the 83 negative bias possibly substantial. In addition, empirical richness strongly 84 depends on sampling effort and thus also depends on sample completeness.
85
Statistically sound sampling of biodiversity requires several assumptions to 
94
From this point of view, remote sensing is an efficient tool allowing to 95 cover large areas over a short period of time, hence providing key information 96 on the spatio-temporal variation of biodiversity.
97
This is overall true (from a biodiversity conservation viewpoint), con- 
108
The aim of this paper is to propose novel approaches using remote sensing 
140
Given a certain number of reflectance values in a portion of a remotely sensed image (usually a moving window of n x n pixels), such metric is defined as the expected difference in reflectance values between two pixels drawn randomly with replacement from the set of pixels:
where d ij is the spectral distance between pixel i and j and p i is the relative 141 proportion of pixel i (i.e. in a window of n x n pixels p i = 1/n 2 ). The spectral 
152
Once applied at large spatial scales, Rao's quadratic diversity might reveal 
182
The spectral variation approach has been observed to be complementary of the impact associated with spatial variability patterns.
194
In some cases, the heterogeneity measured from space might be directly related to human-based processes, like urban spread, which seem to affect both ecosystem functioning and the provision of ecosystem services (Tratalos et al., 2007) . As an example, Figure 4 represents the number of accumulated spectral values once increasing the extent of analysis (sampling effort), at-tained by calculating a rarefaction curve on the spectral values of a Landsat 8 image (pixel resolution = 30m) in the Tenerife island (Canary Islands) as in Rocchini et al. (2011) . After i) superimposing a grid of 500x500m on the Landsat 8 image and ii) extracting the first principal component (Appendix 1), the amount of spectral values accumulated by increasing the extent (number of grid cells) was calculated as:
where S = total number of spectral values, N i = number of grid cells in In Figure 5 we applied the Rao's Q measure to a set of C (competitive 263 species), S (stress-tolerative species), R (ruderal species) scores reported in
264
( Schmidtlein et al., 2012) . Seeing the probability of a plant species to belong 265 to a certain functional group as a numeric array, or a 2D matrix, the Rao's
266
Q might be applied to calculate the diversity of functional types probability 267 in space (and time . This leads to a higher spectral heterogeneity caused by a mixed anthropic-natural landscape which is described by a higher number of accumulated spectral values (c).
Figure 5: Rao's Q calculated on a set of C (competitive species), S (stresstolerative species), R (ruderal species) score maps (derived from (Schmidtlein et al., 2012) ) to estimate the diversity of functional types probability in space.
In the numeric space (left), the C, S, R maps can be viewed as score matrices in two dimensions; in the Rao's Q formula the distance between such scores is used together with their relative abundance.
